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This	is	an	early-stage	research	program
Today’s	focus	will	be	on	the	effect	of	hospital-
closures	on	patient	outcomes
Later	versions	look	at	hospital	entry	and	the	
effect	of	surgeon	migration	on	patient	
outcomes

More	Disclosures

2



Hospital Closures and Patient Mortality

Save	our	Hospital!
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What	do	we	know	about	closures?
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Does	Hospital	Closure	Affect	Local	Patients?

• Impact	should	depend	on	quality	of	closing	
hospital	and	its	market	share

• Closing	high-mortality	hospital	may	be	good	for	
patients?

• Our	Enterprise:	Test	whether	the	quality	of	the	
closing	hospital	predicts	patient	outcomes	in	
affected	zipcodes

• Implications	for	policies	on	closures	and	selective	
referral

• Allows	us	to	validate	measures	like	risk-adjusted	
mortality	(like	Chetty et	al,	2013; Doyle	et	al,	2017)
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Market	Learning	affects	allocation…making	this	hard
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Source: Chandra, Staiger and Skinner (IOM, 2010)

Lowest
Performance 

Highest
Performance 

Large	Variation	in	Risk-Adjusted	Mortality	Across	Hospitals,	
Is	it	causal…or	does	it	reflect	unmeasured	confounders?
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Outline

• Overview	of	data	&	closures

• Overview	of	hospital	performance	measures
• Quality	
• Utilization	
• Cost

• Test	whether	performance	measures	predict	
impact	of	hospital	closure	on	patients	living	in	
affected	zipcodes
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Data

• 100%	Medicare	65+	inpatient	claims,	
1992-2013,	linked	to	death	records	&	patient	zip	codes.	

• We	stack	5	patient	admission	cohorts:	
4.6m	AMI,	8.4m	Pneumonia,	7.1m	CHF,	5.4m	stoke,
3.8m	hip	fractures.	Total	of	29.3	million	admissions	
aggregated	to	the	zipcode-year-cohort	level.

• Identify	642	hospital	closures	from	The	Dartmouth	
Institute	(TDI)	closure	file,	cross-validated	by	hand,	using	
the	google	maps	API,	claims	and	AHA	data.	
http://users.nber.org/~daltonm/hclose/
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Hospital	closures	in	our	data
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We	consider	six	standard	measures:
Quality	measures:	30	day	mortality,	30-day	
readmission	rates
Cost	measures:	30	day	hospital	DRG	cost	(with	no	
adjustments	for	things	like	local	wage	level,	minority	
serving	hospital),	30	day	inpatient	costs	(includes	
hospital	+	physician	services)	
Utilization	measures: Length	of	stay,	number	of	
hospital	days	in	the	first	30	days.	

Outcomes

11



Hospital Closures and Patient Mortality

Episode	level	characteristics

12



Hospital Closures and Patient Mortality

Trends	in	Patient	Outcome	Measures
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Hospital	performance	measures	compare	
observed	patient	outcomes	to	a	
counterfactual	expectation
Difference	between	observed	and	expected	
outcome,	averaged	over	hospital’s	patients
Expected	outcome	is	average	outcome	for	
patients	who	looked	similar	at	admission,	
based	on	age-sex-race	and	comorbidities
Note	that	this	hospital-level	residual	is	super	
noisyà need	empirical	bayes!

Basics	of	Risk	Adjusted	Performance
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• Estimate	outcomes	regression	for	patient	i in	hospital	j in	year	t:
𝑌"#$ = 𝛽𝑋"$ + 𝛼𝐿𝑛 𝑣𝑜𝑙𝑢𝑚𝑒#$ + 𝜇#$ + 𝜀"#$
Hospital	effect	=	𝛼𝐿𝑛 𝑣𝑜𝑙𝑢𝑚𝑒#$ + 𝜇#$

• Hospital	residual	𝑌4#$	is	average	difference	between	observed	and	
expected	outcome:

𝑌"#$
6

789:;<:=

− 𝛽?𝑋"$ + 𝛼@𝐿𝑛(𝑣𝑜𝑙𝑢𝑚𝑒#$)
CDE:F$:=

• Estimate	error	components:		𝑌4#$	 = 𝜇#$ + 𝜀#̅$
- let	𝑐𝑜𝑟𝑟 𝜇#$, 𝜇#$KL = 𝑟L,	var 𝜇#$ = 𝜎N (stationary,	drift)
- without	drift	(𝑟L = 1);	this	is	the	mixed command	in	Stata

• BLUP	posterior	mean:		𝛼@𝐿𝑛 𝑣𝑜𝑙𝑢𝑚𝑒#$ + E 𝜇#$|𝑌#K$

(volume	component	+	EB	prediction	of	hospital	residual)

Predicting	Hospital	Performance
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Idea	is	to	use	average	residual	from	one	year	(𝑌4#9)	to	predict	
hospital	performance	in	a	different	year:

Empirical	Bayes	Prediction	=	E 𝜇#$|𝑌#K$ 	= 𝛾𝑗𝑌4#9

Optimal	weights	(𝛾𝑗)	analogous	to	regression	coefficients:
𝛾𝑗 =	Cov(𝜇#$, 𝑌4#9)/Var(𝑌4#9)

=	Cov(𝜇#$, 𝜇#9)/	Var(𝑌4#9)
=	{Cov(𝜇#$, 𝜇#9)/Var(𝜇#9)}*{Var(𝜇#9)/	Var(𝑌4#9)}
=	 𝑟$K9*	reliability	of	𝑌4#9

So	weight	placed	on	average	residual	from	other	years	depends	on
• Correlation	of	persistent	component	between	t,	t-k	=	𝑟L
• Reliability	with	which	average	residual	is	estimated	in	t-k,	
which	varies	by	hospital	based	on	volume

Prediction	in	simple	case
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Allowing	for	Drift	is	important
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Declining	autocorrelation	(drift)	in	all	outcomes	and	cohorts
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Predictions	of	Hospital	30-day	AMI	Mortality,	2000
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Example Empirical Bayes predictions of hospital mortality rate in 2000, 
accounting for volume and drift, using data from 1992-1999 & 2003-2013
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Predictions	for	all	outcomes	&	cohorts,	2000
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Test	predictions	following	Chetty et	al.	(2013)

𝑅𝑒𝑑𝑢𝑐𝑒𝑑	𝐹𝑜𝑟𝑚:
∆𝑌Y"E,$ = 	𝛽Z + 𝛽[∆𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑Y"E,$ + 𝑌𝑒𝑎𝑟 ∗ 𝐶𝑜ℎ𝑜𝑟𝑡Y"E,$ + 𝜀Y"E,$

∆𝑌Y"E,$ =	change	from	year	t-1	to	t+1 in	cohort	specific	outcome,	i.e.	30-day	
mortality	rate,	in	each	zip	code	(based	on	patient	zip	in	t-1).	Y	is	residualized
(through	risk	adjustment)

∆𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑Y"E,$ =	(closed	hospital	market	share	in	zip	in	t-1)	*
(other	hospitals’	average	predicted	mortality
- closed	hospital’s	predicted	mortality)
=	expected	mortality	change	due	to	hospital	closure	in	t

Use	EB	prediction	(with	drift)	of	hospital	mortality	rates	based	on	volume	in	t-
1	&	mortality	data	not	including	(t-1,	t,	t+1).

2SLS	version,	use	∆𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑Y"E,$ as	instrument	for	∆𝑄Y"E,$,	where:
∆𝑄Y"E,$ =	change	in	predicted	outcome/cost	based	on	weighting	by	actual	zip	
code	level	market	shares	in	t-1	&	t+1.	(bIV=1	implies	forecast	unbiased)

Regressions	are	weighted	by	episode	counts 21
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Distribution	of	∆𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑Y"E,$,	a	measure	of	
the	impact	of	closure	on	a	zipcode

Range	of	Expected	Change	In	Mortality	From	Closures
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Range	of	Expected	Change	From	Closures-all
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Event	Study:	Change	in	patient	outcomes	for	zipcodes expected	to	be	
most	positively	and	negatively	affected	by	closure	(deciles)
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Reduced	Form	Plot	of	Actual	on	Expected	Change	(20	bins)
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OLS	and	2SLS	of	Predicted	Mortality	Changes

Note: Predict hospital outcome or costs using pre and post data. Standard errors 
clustered at patient HRR level in t-1.
∆𝑚𝑜𝑟𝑡30Y"E,$														=change in residualized 30 day mortality
∆𝑟𝑒𝑎𝑑30Y"E,$														=change in residualized 30 day readmission 
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OLS	and	2SLS	of	Predicted	Mortality	Changes

Note: Predict hospital outcome or costs using pre and post data. Standard 
errors clustered at patient HRR level in t-1.
ln	(𝑙𝑜𝑠Y"E,$)														=change in residualized natural log length of stay of the index event
∆ℎ𝑜𝑠𝑝𝑑𝑎𝑦30Y"E,$														=change in residualized number of days spent at hospital in first 
30 after index
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OLS	and	2SLS	of	Predicted	Mortality	Changes

Note: Predict hospital outcome or costs using pre and post data. Standard errors 
clustered at patient HRR level in t-1.

∆ln(𝑖𝑝𝑐𝑜𝑠𝑡30)Y"E,$														=change in natural log of residualized 30 day short-term acute 
inpatient costs
∆ln(𝑖𝑝𝑐𝑜𝑠𝑡𝑢𝑡𝑖𝑙𝑖𝑧30)Y"E,$														=change in natural log of residualized 30 day short-term 
acute inpatient costs  using DRG base payment
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Adding	closed	hospital	market	share	in	period	t-1

Note: Predict hospital outcome or costs using pre and post data. Standard errors 
clustered at patient HRR level in t-1.
∆𝑚𝑜𝑟𝑡30Y"E,$														=change in residualized 30 day mortality
∆𝑟𝑒𝑎𝑑30Y"E,$														=change in residualized 30 day readmission 
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Adding	closed	hospital	market	share	in	period	t-1

Note: Predict hospital outcome or costs using pre and post data. Standard 
errors clustered at patient HRR level in t-1.
ln	(𝑙𝑜𝑠Y"E,$)														=change in residualized natural log length of stay of the index event
∆ℎ𝑜𝑠𝑝𝑑𝑎𝑦30Y"E,$														=change in residualized number of days spent at hospital in first 
30 after index
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Adding	closed	hospital	market	share	in	period	t-1

Note: Predict hospital outcome or costs using pre and post data. Standard errors 
clustered at patient HRR level in t-1.

∆ln(𝑖𝑝𝑐𝑜𝑠𝑡30)Y"E,$														=change in natural log of residualized 30 day short-term acute 
inpatient costs
∆ln(𝑖𝑝𝑐𝑜𝑠𝑡𝑢𝑡𝑖𝑙𝑖𝑧30)Y"E,$														=change in natural log of residualized 30 day short-term 
acute inpatient costs  using DRG base payment
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Summing	Up
• We	validate	hospital	performance	measures	

• Measures	predict	causal	effects
• Quality	&	utilization	measures	are	

forecast	unbiased
• Cost	measures	overstate	differences	in	

causal	effects

• New	evidence	on	impact	of	hospital	closures
• Little	effect	of	closing	per	se	(just	like	

earlier	literature)
• Heterogeneity:	Closing	under-

performing	hospitals	improves	patient	
outcomes

• Large	implications	for	narrow	networks	&	
selective	referral

• Future	work	looks	at	hospital	entry	and	
surgeon	movement	
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